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Abstract 
Cervical cancer has caused many deaths each year. Screening tests, such as Pap smear test used for the detection of the 
precancerous stage are able to avoid the occurrence of cervical cancer. However, the Pap smear test has several disadvantages 
such as less effective slides preparation and human error. Therefore, a computer-aided diagnosis system is introduced as a 
solution to the problem. One of the diagnostic systems that has been built is NeuralPap. However, the NeuralPap performance is 
limited by several constraints. This research proposed several new image processing algorithms to reduce these constraints. The 
Adaptive Fuzzy-k-Means (AFKM) clustering algorithm is proposed to replace the Moving k-Means (MKM) to segment Pap 
smear images into the nucleus, cytoplasm and background regions. Next, the feature extraction algorithm based on pseudo 
colouring called the Pseudo Colour Feature Extraction (PCFE) manual and Semi-Automatic PCFE are designed to replace the 
Region Growing Based Feature Extraction (RGBFE) which uses monochromatic images. This research is a step forward 
compared with the NeuralPap system by proposing the feature extraction algorithm for overlapping cells by combining the 
concept of colour space with Semi-Automatic PCFE algorithm. In addition, this research has also suggested the AFKM algorithm 
as a new centre positioning algorithm for the Radial Basis Function (RBF) and Hybrid RBF (HRBF) networks replacing the 
MKM algorithm. The entire proposed algorithm has been proven to produce better performance than the corresponding algorithm 
used in the NeuralPap. In addition, the combination of all algorithms has managed to increase the accuracy of the classification of 
cervical cancer to 76.35%, compared with 73.40% which is obtained from the previous NeuralPap system. 
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Nomenclature 
AFKM Adaptive Fuzzy-k-means  
MKM  Moving k-Means 
PCFE Pseudo Colour Feature Extraction 
RGBFE Region Growing Based Feature Extraction 
RBF Radial Basis Function 
HRBF Hybrid Radial Basis Function 
1. Introduction 
Cervical cancer has been one disease known to intimidate women all over the world. As reported by the World 
Health Organization, or WHO, approximately 530,000 new cases of cervical cancer had been detected globally in 
2008 and 275,000 women have lost their lives every year [1]. In 2007, more than 700 Malaysian women die due to 
cervical cancer every year [2]. This cancer is the third type of cancer that most frequently attacks women, after 
breast cancer and colorectal cancer [3, 4]. The Malaysian government in collaboration with the National Cancer 
Association Malaysia has exerted some efforts in raising the awareness among the Malaysian women on the danger 
of this disease through a wide range of awareness programs. These programs seek to educate and encourage women 
to add to their existing knowledge on this cancer. Apart from that, campaigns to promote women to get the 
immunization injection of Human Papilloma Virus, (HPV) and undergo screening examination are also launched as 
initiatives to restrict this problem from prevailing.    
The root cause for cancer is yet to be known, causing the preventive steps against cancer to be close to 
impossible. Nonetheless, detection at an early stage should be capable in avoiding cancer from spreading and 
exacerbating. The pre-cervical cancer stage can be detected through preliminary tests, and Pap smear test is the 
screening test that is commonplace in Malaysia. The Pap smear test is used to detect the existence of abnormal cells 
on the cervix. These abnormal cells serve as warning bells for early symptoms of a person carrying the risk of 
suffering from cervical cancer. According to the statistics, the risk of being diagnosed with cervical cancer among 
women not undergoing the Pap smear is five times higher than women who do take the test [2]. 
Cervical cancer normally takes 10 to 15 years, to change from a non-dangerous state (pre-cancer) to a dangerous 
state [5]. Therefore, preliminary techniques such as the Pap smear need to be carried out in the detection of cervical 
cancer at an early stage. Nonetheless, the Pap smear test has several flaws, in terms of the slide preparation or mere 
human error. Consistent with the progress of science and technology, those constituted as the shortcomings of the 
test have spurred the construction of a support system, aiming to improve the performance of the Pap smear test 
diagnosis, and also to provide support equipment to medical practitioners. The systems constructed involve the 
applications of image processing techniques, Artificial Intelligence and/or the combination of the two.   
The image processing technique applications in the issue of classifying cervical cancer especially classifying the 
Pap smear image cells have been done by various researchers [6-9]. Various image processing techniques have been 
applied, which focuses on one aim, which is to make convenient the process of examination / interpretation of 
cervical cells that has all the while been performed manually by cyto-technologists under the supervision of 
pathological experts.   
Artificial Intelligence has also been explored extensively for the purpose of classifying cervical cancer cells [10-
12]. Every system which basis is on intelligent engineering, has demonstrated its superb classification accuracy. It is, 
in other words, clear evidence on the effectiveness of Artificial Intelligence in simplifying the work that has to be 
done in the application adopted.    
The combined applications of the image processing technique and Artificial Intelligence have also gained 
considerable interest among previous scholars to form a comprehensive diagnosis system [13-16]. In most research, 
the image processing technique serves as a pre-processing tool for the purpose of improving the image quality and 
further to make the data acquisition process easier. Then, Artificial Intelligence is employed as a classification agent. 
Data obtained from the image processing technique is made as input to the artificial intelligent engineering’s 
architectural structure for training and further, for classification. Based on the demonstration of good performance in 
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the research, thus, the combined techniques (image processing and intelligent engineering, particularly the neural 
network), has been applied in the development of the diagnosis system at the pre-cervical cancer stage. 
Up until now, the image classification process especially in the medical field is still performed manually. The 
cervical image interpretation and classification has been done by certified cyto-technologists and supervised by 
experienced pathologists. Based on the declining number of pathologist population, and ironically, as the 
pathological cases are steadily on the rise (due to the preliminary campaigns that are more actively launched by the 
government), the burden shouldered by cyto-technologists and pathologists alike have become very heavy. This can 
be a reason for work pressure, which, in turn can bring high probability for these experts to make mistakes as a result 
of the stressful working environment. Other than that, propelled by an imbalanced number of pathologists with the 
number of pathological cases that arrive, the image interpretation process will take too long a time because a 
pathologist will be restricted, in a way that he or she can only filter a certain number of slides in a day, as to avoid 
from eye irritation and automatically, to preserve the precision of the test.  Such a circumstance will of course make 
patients wait long to get the results. If a patient is diagnosed as cancer-positive, such a delay explains why she fails 
to receive an early treatment that can reduce the fatality risk.   
Thus, an automatic diagnosis system is needed as solution to the problem mentioned. Currently, there are many 
pre-cervical cancer classifying or diagnostics systems that have been constructed, one of which is the NeuralPap 
system constructed by Mat-Isa [17] and Mat-Isa et al. [13].  There are two parts to the system, the first being the 
feature extraction in an automatic manner and smart diagnosis. For the first part, four criteria of cervical cell are 
extracted using the feature extraction algorithm constructed. These four criteria are made as input to the neural 
network (which is the smart diagnosis in the second part) to classify cervical cells to three stages namely normal, 
Low-grade Squamous Intraepithelial Lesions, (LSIL) and High-grade Squamous Intraepithelial Lesions (HSIL). 
Nevertheless, the NeuralPap system processes image at a grey scale, despite image processing through pseudo-
colouring becoming increasingly popular in medical imaging applications [18-23]. This is owing to the fact that the 
human visual system is more sensitive to colours from monochromatic images.   
Apart from that, the segmentation algorithm used in the NeuralPap system is based on the clustering algorithms 
often used in the literature. Although it has been proven by previous researchers [8, 24, 25] that this algorithm is 
effective in segmenting Pap smear images, there is still room for improvement. This is due to the fact that 
segmentation strives to be an important step for diagnosis system. If segmentation cannot be done accurately, it 
would also be difficult to extract the cervical cell criteria accurately, and further causing the inability to obtain the 
correct diagnosis.  
Finally, the NeuralPap system is specifically constructed to diagnose the cervical cells smeared in a single layer. 
If the image that is to be examined comprises of overlapping cells, the NeuralPap system will not be able to segment 
the cells accurately. This will contribute to the classification error which will automatically reduce the system’s 
sensitivity. Therefore, in this research an improvement of features extraction process and classification of cervical 
cancer for the NeuralPap system proposed by introducing AFKM clustering algorithm to segment Pap smear into the 
nucleus, cytoplasm and background regions. Next, the feature extraction algorithm based on pseudo colouring called 
the PCFE manual and Semi-Automatic PCFE are designed to replace the RGBFE which uses monochromatic 
images. In addition, this research is a step forward compared with the NeuralPap system by proposing the feature 
extraction algorithm for overlapping cells. Then, this research has also suggested the AFKM algorithm as a new 
centre positioning algorithm for the Radial Basis Function (RBF) and Hybrid RBF (HRBF) networks replacing the 
MKM algorithm.  
This paper is organized as follows. In Section 2 the methodology which drives the objective of this study is 
presented while in Section 3 present the results obtained from the proposed method and also discussion on the result 
obtained is provided in this section. Finally, Section 4 concludes the work of this paper. 
2. Methodology 
In this study, a clustering algorithm-based image segmentation technique will be applied to the Pap smear images 
so that the regions wanted (nucleus and cytoplasm) can be properly segmented. Next, both these regions can be 
distinguished from the unnecessary background regions. As has been proven in the previous study, image 
segmentation serves to be an important step before undergo feature extraction process. The success of the extraction 
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process depends on the suitability of the segmentation technique and further to ensure that the diagnosis process can 
be done easily. A new clustering algorithm named the Adaptive Fuzzy-k-means [26] or in short AFKM is proposed, 
to achieve the objective of segmenting Pap smear images.    
Next, for the feature extraction process, the combination of region growing and the technique of pseudo-
colouring has been proposed in this research. The feature extraction algorithm suggested is named the Pseudo-
Colour Feature Extraction, or abbreviated as PCFE [27]. This algorithm is used to extract the nucleus size and 
cytoplasm also the grey level for both parts. Initially, this algorithm was done manually and then it was enhanced by 
integrating the clustering algorithm with the PCFE so that it becomes a semi-automatic algorithm and is also capable 
to extract the features of overlapping cell images [28, 29]. 
Having successfully done the feature extraction process, the process of cervical cell classification is performed to 
classify cells to the supposed groups. The neural network is chosen to perform this classification process. As 
established in the NeuralPap system, the neural network of the type H2MLP [17] has been used to perform the 
classification based on good performance of the network. However, in the NeuralPap system, the RBF [30] and 
HRBF [31, 32] neural networks have been prepared as the support facilities. Therefore, in this research, some 
modification has been done which seek to improve both the networks. The improvement done is by way of 
introducing the AFKM Algorithm [26] (proposed as the image segmentation) as to obtain the centers of the RBF and 
HRBF networks while the process training phase is classified. The combination of all techniques and algorithms 
stated above will form a complete system as to diagnose the pre-cervical cancer stage. Next, the overall performance 
of the system constructed to improve the existing NeuralPap system will be tested to measure the capability in 
performing cervical cancer diagnosis. 
3. Results and Discussion 
In this section, observations and results for these algorithms will be presented and discussed. The first part of this 
section serves as the presentation of feature extraction results using the proposed algorithm known as PCFE (manual 
and semi-automatic). The algorithm’s capability in implementing the extraction function is validated through a 
correlation test.  Next, the classification results and the performance analysis for the neural network of H2MLP also 
RBF and HRBF will be presented. Discussion on all the techniques, algorithms and performance of the neural 
network implemented on the cervical cell images will be provided. 
3.1 Features Extraction 
The proposed feature extraction technique in this research namely the manual PCFE [27] and the Semi-
Automatic PCFE with MKM and AFKM [28] had been tested on 758 single cervical cells comprising of normal, 
LSIL and HSIL cases. For qualitative analysis, only two images presented in this paper the results are as shown in 
Figures 1 and 2. 
      
(a) Original Image (b) Conventional Pseudo-Colour (c ) NeuralPap (d) Manual PCFE 
(e)Semi-Automatic 
PCFE (with the MKM) 
(f)Semi-Automatic 
PCFE (with the AFKM) 
Fig 1: Feature extraction results for Image CC1 
Referring to Figures 1 to 2, Image (a) shows an Original Image of a single cervical cell, whereas Image (b) shows 
the image that had already been processed with the conventional pseudo-colouring technique. Image (c) shows the 
result from the NeuralPap system, Image (d) the result of the manual PCFE, while Images (e) and (f) respectively 
are the results of the Semi-Automatic PCFE with the clustering Algorithms of the MKM and AFKM.  Based on 
Figures 1 to 2, it can be observed that both the manual PCFE and the semi-automatic PCFE Semi-Automatic have 
successfully detected and retain the nucleus and cytoplasm size of the cervical cells well. If this is compared with 
the results produced by the NeuralPap system, both these algorithms have shown a much better performance. They 
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have even successfully cleaned up any unwanted regions causing more precise extraction on both the nucleus and 
cytoplasm regions. Nucleus size and the cytoplasm size are able to be calculated accurately because the unwanted 
regions had not been eliminated and not accounted for in our calculations. 
      
(a) Original Image (b) Conventional Pseudo-Colour (c ) NeuralPap (d) Manual PCFE 
(e)Semi-Automatic 
PCFE (with the MKM) 
(f)Semi-Automatic 
PCFE (with the AFKM) 
Fig 2: Feature extraction results for Image CC2 
Table 1 shows the feature extraction results of the features of nucleus size, cytoplasm size, nucleus’ grey level 
and cytoplasm’s grey level for images CC1 and CC2 and the comparison of the feature extraction results between 
the proposed algorithms namely the manual PCFE manual and the Semi-Automatic PCFE (using clustering 
algorithms namely the MKM and AFKM), the NeuralPap system also the reading from the image analyser. 
 
Table1: The comparison of the feature extraction results using Feature extraction Algorithm on the single cell images 
Image Algorithm/technique 
Type of Data 
Nucleus size 
(pixel) 
Cytoplasm size 
(pixel) 
Nucleus’  Grey 
Level 
Cytoplasm’s 
Grey Level 
CC1 
Image Analyser 3.744 μm2 43.921 μm2 175.0 225.8 
NeuralPap 407 3095 148.4 205.6 
Manual PCFE  273 2888 139.3 203.3 
Semi-Automatic PCFE with MKM  202 2502 135.22 198.41 
Semi-Automatic PCFE with AFKM 226 2738 136.4 201.1 
CC2 
Image Analyser 12.66 μm2 316.2μm2 136.6 183.4 
NeuralPap 2359 11657 161.1 184.8 
Manual PCFE  506 14536 133.6 184.7 
Semi-Automatic PCFE with MKM  360 13348 127.7 181.2 
Semi-Automatic PCFE with AFKM 575 36740 148.6 194.7 
Referring to Table 1, the results obtained by all algorithms are parallel with the record of the clinical data reading 
whereby when the image analyser reading increases, the results noted by every algorithm also increases.  This shows 
the algorithms’ uniformity and suitability to be made as feature extractors. To investigate about this potential in 
detail, a correlation test was done and the results presented in Table 2. 
Table 2: The correlation test results for 758 cervical cells’ images 
Type of Data 
Correlation value 
PCFE Manual NeuralPap 
Semi-Automatic PCFE  
MKM AFKM 
Nucleus size 0.93214 0.42187 0.53896 0.56222 
Cytoplasm size 0.97241 0.95813 0.80629 0.92278 
Nucleus’ grey level 0.90854 0.60058 0.90039 0.89100 
Cytoplasm’s grey level 0.87002 0.82813 0.82557 0.86730 
From the results presented in Table 2, it is found that the feature extraction algorithm of the manual PCFE 
demonstrates the best performance based on the linear relationship shown by this algorithm where the linear 
relationship is at strong level for all features with the reading more than 0.8. This is because this algorithm depends 
fully on the user to insert the threshold value, causing the features extracted through this algorithm nears the clinical 
reading. 
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As mentioned, this research takes one step ahead in constructing an algorithm that is capable to extract 
overlapping cells’ images. Based on the results displayed in Tables 1 and 2, the Semi-Automatic PCFE with AFKM 
Algorithm, has been proven to be effective in extracting single cervical cells’ images.   Therefore, the algorithm is 
further test to investigate its capability in detecting, and further extracting overlapping cervical cells. Two images 
containing 2 overlapping cervical cells named as CC3 and CC4 were chosen as the samples. The results are as 
depicted in Figures 3 to 4 respectively. Referring to Figures 3 to 4, Image (a) shows the Original Image. Images (b) 
and (c) are the results of the pre-processing stage namely the visual effect enhancement level on a reg and green 
plain respectively. Images (d) and (e) respectively show the results of the detection level of cell 1 and cell 2 edge 
detection stage, found in the image being examined while Image (f) and (g) respectively show the results of the 
Semi-Automatic PCFE for every cell 1 and cell 2. 
     
(a) Original Image (b) Result at pre-
processing stage; red 
plane intensity 
image 
(c) Result at pre-
processing stage; 
Green plane intensity 
image 
(d) Result of edge 
detection for cell 1 
(e) Result of edge 
detection for cell 2 
 
    
(f) Result of embedded pseudo-
colouring for cell 1 
(g) Result of embedded pseudo-
colouring for cell 2 
(h) Result of  Semi-Automatic 
PCFE for cell 1 
(i) Result of  Semi-Automatic
PCFE for cell 2 
Figure 3: Result of the  Semi-Automatic PCFE (with the AFKM) for Image CC3 
     
(a) Original Image (b) Result at pre-
processing stage; red 
plane intensity image 
(c) Result at pre-
processing stage; Green 
plane intensity image 
(d) Result of edge 
detection for cell 1 
(e) Result of edge 
detection for cell 2 
 
    
(f) Result of embedded pseudo-
colouring for cell 1 
(g) Result of embedded pseudo-
colouring for cell 2 
(h) Result of  Semi-Automatic
PCFE for cell 1 
(i) Result of  Semi-Automatic 
PCFE for cell 2 
Figure 4: Result of the  Semi-Automatic PCFE (with the AFKM) for Image CC4 
Referring to Figures 3 to 4, it can be seen that for overlapping cells, the Semi-Automatic PCFE Algorithm (with 
AFKM) has high capacity to detect and extract nucleus and cytoplasm for every cell although the cells overlap 
between one another. The SBRG algorithm [17] used to detect the cell edges is able to produce fine and connected 
edges (refer to Images (d) and (e)). For the next process, as shown by images (f) and (g), the embedded pseudo-
colouring algorithm has managed to extract cell 1 and 2 separately. Yet, at the same time, this Algorithm has 
increased unwanted noise that may be misinterpreted as nucleus for cells considered (referring to the red-coloured 
region marked with a circle for images (f) and (g). The Semi-Automatic PCFE Algorithm (with AFKM) has 
756   Siti Noraini Sulaiman et al. /  Procedia Computer Science  60 ( 2015 )  750 – 759 
successfully eliminated the noise and extracted the actual nucleus. This enables the feature extraction process to be 
done more conveniently and more accurately (refer to Images (h) and (i)).    
For the quantitative analysis results, Tables 3 and 4 respectively show the feature extraction results and the 
correlation test of the Semi-Automatic PCFE Algorithm for the features of nucleus size, cytoplasm size, nucleus’ 
grey level and cytoplasm’s grey level for 41 Images of overlapping cervical cells. 
Table 3: The feature extraction results using the Semi-Automatic PCFE Algorithm on overlapping cells’ images 
Image Type of Measurement Cells 
Type of Data 
Nucleus size (pixel) Cytoplasm size (pixel) Nucleus’ grey level 
Cytoplasm’s grey 
level 
CC13 
Image Analyser 
cell 1 582 μm2 29124 μm2 122.3076 181.875 
cell 2 1420 μm2 43457 μm2 153.8995 186.6134 
Semi-Automatic PCFE 
cell 1 455 24190 124.72 190.1 
cell 2 742 38001 128.05 180.25 
CC14 
Image Analyser 
cell 1 426 μm2 12832 μm2 122.3076 175.4637 
cell 2 768 μm2 49784 μm2 153.8995 183.746 
Semi-Automatic PCFE 
cell 1 411 12759 125.76 189.25 
cell 2 660 44024 111.56 173.81 
Table 4: The correlation test result for 41 Images of overlapping cells’ images 
Type of Data 
Correlation value 
Conventional Pseudo-Colouring Semi-Automatic PCFE  
Nucleus size 0.10650 0.30743 
Cytoplasm size 0.64533 0.80460 
Nucleus’ grey level 0.28526 0.74245 
Cytoplasm’s grey level 0.48379 0.55106 
 
Based on Table 3, it can be noted that when the reading value of the image analyser increases, the reading 
obtained by the Semi-Automatic PCFE algorithm also increases.  This supports the results obtained in visual form, 
where the cell features extracted would be close to the clinical reading value.  Based on Table 4 we can observe that 
the Semi-Automatic PCFE algorithm results are a lot better than the results generated by the conventional pseudo-
colouring. A linear relationship highlights a strong level for the feature of cytoplasm size and a moderate level for 
both nucleus’ grey level and cytoplasm. Conversely, the linear relationship appears to be weak for the feature of 
nucleus size.    
All in all, all feature extraction algorithms proposed have successfully conducted the feature extraction process 
on the cervical cell images.  The value obtained has successfully given a strong linear relationship.  Thus, the Semi-
Automatic PCFE Algorithm (with AFKM) can be applied into the existing NeuralPap system for improvement, 
especially with regards to its inability in processing overlapping cervical cells. With the said algorithm, the 
reliability of the NeuralPap system in diagnosing both types of cervical cells (single and overlapping) can be 
enhanced. 
3.2 Classification Results using Neural Network 
In this section, the results of the cervical cells classification performance analysis using the neural network are 
presented. The comparative performance is done between five neural networks where two RBF networks 
respectively with the MKM and AFKM, two HRBF networks (with the MKM and AFKM algorithms) and H2MLP.  
The input data for every neural network are taken from the feature extraction results as in section 3.1, which is the 
Semi-Automatic PCFE (with AFKM). Table 5 highlights the data set features for the cervical cells that have been 
used, while Table 6 shows the comparative results of the diagnosis performance of five networks for the training 
phase, validation, testing and the overall process.  
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From Table 6, it is found that the RBF and HRBF networks which adopt both clustering algorithms of MKM and 
AFKM are not very suitable for diagnosing cervical cells due to the low percentage of accuracy, which is around 
65%.  The percentage for false negative cases is also low at the training phase, validation, testing and to the overall 
process. However, the performance of RBF and HRBF network with AFKM is better than RBF and HRBF network 
with MKM. The classification performance using the H2MLP network has noted the best result which is with the 
average of percentage of accuracy 78.30%. The percentage of sensitivity for the H2MLP network is also higher from 
other neural networks and the percentage of false positive cases is lower, which is less than 5%. Therefore, the 
H2MLP network serves as the most suitable network to be used in the improved NeuralPap system for the purpose 
of diagnosing cervical cells.  
Table 5: The features of the cervical cells data set 
Data Size 799 (479 Normal cell data, 226 LSIL cell data, 94 HSIL cell data) 
Training Sample Size 480 (285 Normal cell data, 138 LSIL cell data, 57 HSIL cell data) 
Validation Sample Size 120 (71 Normal cell data, 35 LSIL cell data, 14 HSIL cell data) 
Test Sample Size 199 (123 Normal cell data, 53 LSIL cell data, 23 HSIL cell data) 
Descriptor Number 4 (Nucleus size, Cytoplasm size, nucleus’ grey level, Cytoplasm’s grey level) 
Number of Class 3 (Normal, LSIL, HSIL) 
 
Table 6: The Comparison of diagnosis between neural networks 
Type of Network Number of iteration 
Number of Hidden 
Node Phase Acc Sens Spec FN FP 
RBF 
(MKM) 
8 19 
Tr 69.38 38.97 90.18 53.85 9.91 
Val 78.33 55.10 94.37 44.90 3.77 
Ts 40.70 13.16 57.72 57.89 42.05 
Average 62.80 35.74 80.76 52.21 18.57 
RBF 
(AFKM) 
13 10 
Tr 69.58 46.15 85.61 53.85 9.67 
Val 75.83 59.18 87.32 40.82 8.49 
Ts 45.73 48.68 43.90 51.32 39.20 
Average 63.72 51.34 72.28 48.66 19.12 
HRBF 
(MKM) 
11 18 
Tr 70.63 41.03 90.88 49.23 10.61 
Val 75.00 46.94 94.37 48.98 5.66 
Ts 48.24 17.11 67.48 56.58 34.09 
Average 64.62 35.02 84.24 51.60 16.79 
HRBF 
(AFKM) 
5 42 
Tr 69.58 40.51 89.47 51.28 10.85 
Val 76.67 53.06 92.96 42.86 6.60 
Ts 49.75 14.47 71.54 65.79 28.41 
Average 65.33 36.02 84.66 53.31 15.29 
H2MLP 7 10 
Tr 75.00 55.61 88.38 42.34 8.73 
Val 82.50 62.50 95.83 31.25 5.66 
Ts 77.39 43.42 98.37 56.57 1.13 
Average 78.30 53.84 94.20 43.39 5.17 
Acc = Accuracy, Sens = Sensitivity, Spec = Specificity, FN = False Negative, FP = False Positive, Tr = Training, Val = Validation, Ts = Test 
Finally, the comparative performance of the cervical cells classification using data extracted from the 
original/previous NeuralPap system and the modified counterpart using the Semi-Automatic PCFE Algorithm, as 
input data to the H2MLP Algorithm was conducted. The classification performance was recorded in Table 7.  
Comparison was drawn to know the effectiveness of the improvement done in this research to the NeuralPap system.  
Based on Table 7, it is found that the performance of the H2MLP algorithm, using the Semi-Automatic PCFE is 
higher than the performance of the H2MLP network using data from the previous NeuralPap system at the training 
phase, validation and the overall average. Other than that, the standard deviation for the performance of the H2MLP 
network using the Semi-Automatic PCFE data is also lower than the performance of the H2MLP network which uses 
data from the previous NeuralPap system. This goes to show that the improvement done on the feature extraction 
phase has contributed to the improved performance of the cervical cells classification. Note that the performance 
shown in Table 7 is taken from the average of 5 Fold Cross Validation methods. 
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Table 7:  The Results of the Comparison of the original/previous NeuralPap system performance and the proposed Modified NeuralPap  
Type of Data 
 Average Efficacy (%) 
Phase  Acc Sens Spec FN FP 
Original/previous 
NeuralPap  
Tr 75.25 61.54 84.63 31.79 13.40 
Val 72.33 60.00 80.85 33.06 16.04 
Ts 72.60 29.86 100.00 63.20 3.07 
Average 73.40 50.47 88.49 42.68 10.83 
Standard Deviation 9.20 22.24 19.47 22.27 12.35 
Modified NeuralPap 
Proposed  
Tr 75.33 55.94 88.62 39.95 9.65 
Val 75.33 57.40 87.62 39.72 9.62 
Ts 78.39 48.95 96.58 48.15 3.63 
Average 76.35 54.10 90.94 42.61 7.63 
Standard Deviation 6.29 6.49 11.81 6.65 7.72 
Acc = Accuracy, Sens = Sensitivity, Spec = Specificity, FN = False Negative, FP = False Positive, Tr = Training, Val = Validation, Ts = Test 
4.0 Conclusion 
This paper present the results of the algorithms proposed in this research, for the purpose of improving the 
NeuralPap system. Section 3.1 shows the result of an important element in the development of the cervical cell 
classification system which is the result of the feature extraction algorithm. In this section, four features of the 
cervical cells were extracted using an extraction algorithm based on the pseudo-colouring technique. The feature 
extraction introduced is known as the manual PCFE Algorithm and the Semi-Automatic PCFE. The AFKM 
segmentation algorithm has been used as the provider for the threshold value. Apart from that, this section also 
contains the presentation of the overlapping cervical cells. Results have shown that all these algorithms have been 
capable to extract cervical cells based on the visual evaluation, and the results are also supported with a quantitative 
evaluation whereby there is high correlation value when compared with the clinical reading.   
Section 3.2 shows the compatibility of the AFKM clustering algorithm in replacing the MKM Algorithm as the 
determination algorithm for the RBF and HRBF network centers, also the the results of the cervical cell 
classification performance using the neural network.  Referring to the results of testing the suitability of the AFKM 
clustering algorithm as the network center determination algorithm, it is found that this algorithm is suitable to 
replace the MKM algorithm based on its consistent performance that is capable in giving higher accuracy percentage 
when tested with the cervical cell data set.  Meanwhile, for the cervical cells classification using the neural network, 
it is found that the diagnosis performance shown by the H2MLP network using the data set extracted using the 
proposed feature extraction algorithm has given the best diagnosis performance with the percentages of accuracy 
75.33%, 75.33%, 78.39% and 76.35% respectively for the training, validation, testing and overall phases. 
All the results presented have shown that the weaknesses existing on the NeuralPap system have been able to be 
reduced through the new algorithms proposed. Therefore, the primary objective of this research which is to improve 
the NeuralPap system has successfully been implemented. 
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